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Abstract: To address the challenge of real-time and reliable evaluation of the strength of laser-directed energy deposition
(LDED) clad layers, this paper proposes a real-time evaluation method for laser energy deposition dilution rate based on the
time-scale texture map of the spectral line ratio using a dual-channel photomultiplier tube (PMT). A developed dual-channel
narrow-band filter-PMT acquisition system is utilized to achieve synchronous collection of plasma spectral signals from sub-
strate alloy elements and cladding powder alloy elements. Furthermore, by employing multi-scale sliding windows, the one-
dimensional spectral line ratio signal is converted into a two-dimensional texture map, effectively preserving the dynamic
structure and temporal correlation of the spectral signals. Finally, an improved deep learning network for dilution rate classi-
fication, named SK-D ResNet, is proposed, which integrates deformable convolution with the SKAttention mechanism. Veri-
fication results show that the network achieves a classification accuracy of 98.03% on the test set, representing an improve-
ment of more than 4.77% compared to traditional convolutional networks. The proposed method provides an effective solu-
tion for reliable and high-precision monitoring of LDED repair and manufacturing processes for critical components of ma-
jor equipment in fields such as nuclear energy.
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Table 1 Chemical composition of 304 stainless steel substrate (wt. %)

C Si Cr Ni S N Mn P Fe
0.044 0333 18.07 8.08 0.005 0.035 0.791 0.024 A&
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Fz2 Stellite 6 IR FERD (REHE, %)

Table 2 Chemical compositionof stellite 6 powder (wt. %)

C Si Cr Ni w Mo Mn Co Fe
1.15 1.1 29 3 4 1 0.5 & 3
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Table3 Single-layer single-channel comprehensive experimental design

T8 HotsiR/W BHRGHE/ (mmes™) 2R/ (g min™)
K1 2200 8 15.3
IR 2 2 600 12 20.4
IR 3 3000 16 25.5
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Fig.2 Photomultiplier tube acquisition unit
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Fig. 3 Schematic diagram of the dual-channel photomultiplier tube

optical signal acquisition system
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Fig. 4 Photo-multiplier tube optical signal monitoring experimental

platform
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Fig.5 Construction of time-scale texture map
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Fig. 6 Time-scale texture maps of different dilution rates
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Fig. 7 SK-D ResNet framework
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Table 4 Spectral data classification labels
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Table 5 Abandonment experiment of SK-D ResNet

LS Bt b EES WNGREEMERT A% USRS /% IR 5<%
0~0.25 3578 0 ResNet 98.86 92.83 91.75
0.25~0.35 3439 1 D-ResNet 96.65 94.26 93.54
0.35~0.5 2100 2 SK-ResNet 100 96.41 95.87
SK-D ResNet 100 98.38 98.03
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Fig. 8 Confusion matrix of the ablation experiment
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Fig. 9 Accuracy of the validation set for the ablation experiment
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Table 6 Classification effects of different networks on texture images

S IR/ % BIEAEMERR /% WA %

Vit 84.86 82.79 79.92
MobileNet 96.47 85.84 84.94
EfficientNet 98.86 92.47 91.75

AlexNet 97.58 94.23 93.26
DensNet 99.82 93.72 92.83
SK-D ResNet 100 98.38 98.03
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Fig. 11 Accuracy of the comparison experiment validation set
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Fig. 10 Confusion matrix of the comparative experiment
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